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Abstract

The Aurora distributed shareddata systemimplementsa shared-databstractionon distributed-
memory platforms, suchas clusters,using abstractdatatypes. Aurora programsare written in C++
andinstantiateshared-databjectswhosedata-sharindgehaiour canbe optimizedusinga novel tech-
niquecalledscopedehaiour. Eachobjectandeachphaseof the computation(i.e., use-contgt) canbe
independentlpptimizedwith perobjectandpercontext flexibility . Within the scopedehaiour frame-
work, optimizationssuchasbulk-datatransfercanbeimplementecandmadeavailableto theapplication
programmer

Scopedbehaiour carriessemanticdnformationregardingthe specificdata-sharingatternthrough
various layers of software. We describehow the optimizationsare integratedfrom the uppermost
application-programmelayersdown to the lowest UDP-basedayersof the Aurora system. A bulk-
datatransfernetwork protocolbypassesomebottlenecksassociatedvith TCP/IPandachiezeshigher
performancenanATM network thaneitherTreadMarkgdistributedsharednemory)or MPICH (mes-

sagepassingYor matrix multiplicationandparallelsorting.

Keywords: bulk-datatransfer distributed-memorycomputing,shareddata,data-sharingpatternsppti-

mizations,scopedbehaiour, network of workstationsclusters



1 Intr oduction

Distributed-memonyplatforms,suchasnetworks of workstationsandclusters areattractve becausef their
ubiquitousnesandgoodprice-performancehut they suffer from high communicatioroverheads Sharing
databetweerdistributedmemorieds moreexpensve thansharingdatausinghardware-basegharednem-
ory. Also, existing network protocols,suchas TCP/IR were not originally designedor communication-
intensve clustersandmay not be the bestchoicefor performance.

Systemsbasedon shared-memorgnd shared-datanodelsare becomingincreasinglypopularfor dis-
tributedapplications.Broadly speakingtherearedistributed shared memory (DSM) [4, 1] anddistributed
shared data (DSD) [2, 14] systems At oneendof the shared-datapectrumDSM systemaisesoftwareto
emulatehardware-basedgharednemory Typically, DSM systemsarebasedn fixed-sizedunitsof sharing,
often a page,becausehey usethe samemechanismsasfor demand-pagedirtual memory The virtual
memoryspaceis partitionedinto pagesthat hold private dataand pagesthat hold shareddata. Different
processonodescan cachecopiesof the shareddata. As with hardware-basedharedmemory a C-style
pointer(e.g.,int  *) canreferto andnameeitherlocal or remotedata.

At theotherendof thespectrumPSD systemdreatshareddataasanabstract data type (ADT). Instead
of dependingn pagefaults,aprogrammes interfaceis usedto detectandcontrolaccesso theshareddata.
Theaccesgunctionsor methodamplementthe data-sharingpolicy. If anobject-orientedanguages used,
the ADT canbeashared-databiject.

Sincethe data-sharingpolicies of an applicationdeterminehow often, when, and what mechanisms
areusedfor communicationsthey have a large impacton performanceand mustbe optimized. The flex-
ibility to tune a distributed-memoryapplicationvariesdependingon what kind of parallel programming
systemis used.Eachtype of systemhasdifferentstrengthsaandweaknessedut, generallyspeakinghigh-

level languagesndshared-dataystemsare strongin ease-of-usemessage-passimgystemsare strongin



performanceBy design high-level abstractionside low-level details,suchaswhenandwhatdatais com-
municated Conversely messaggassingnalkesexplicit whendatais sentandreceved. With sufiicient(and
often substantialprogrammingeffort, a message-passimgogramcanbe highly tuned.ldeally, onewould
like to have botha high level of abstractiorand theflexibility to tunea parallelapplication.

Flexibility is importantbecausalifferentloopsor phasesf a computationcan have differentaccess
patterndor the samedatastructure.For example,in a chainor pipelineof computationaphasestheoutput
of one phasebecomeghe input of the next phase.A datastructuremay have a read-onlyaccesgattern
during one phaseanda read-modify-writeaccesgatternduring a later phase.If the samedatastructureis
large andhasto becommunicatedo all processes third data-sharingolicy mayberequiredto efficiently
handlethe bulk-datatransfer Thereforeijt is desirableo beableto selecta differentdata-sharingpolicy for
eachcomputationaphase.

To addresshe flexibility issue,the Aurora DSD systemusesscopedbehaiour. As the programmes
interfacefor specifyinga data-sharingptimization,scopedoehaiour allows eachshared-databjectand
eachportion of the sourcecode(i.e., context), to be optimizedindependentlyf otherobjectsandcontexts.
Oncethe programmerhasselectedan optimization,the high-level semanticsof the optimizationare also
carriedacrossvarioussoftware (andperhapsardware)layers. For example,in anall-to-all dataexchange,
knowledgeaboutthe senderstherecevers,andthe sizeandlayoutof the datato be communicated¢anbe
importantin theimplementatiorof the optimization.

We bagin by illustrating andsummarizingAurora’'s programmingmodel. Thenwe illustrate how two
multi-phaseapplicationsatwo-stagematrix multiplicationandparallelsorting,requirea bulk-datatransfer
andcanbe optimizedusingscopedbehaiour. Finally, we demonstraténow the Auroraprogramscanout-
performcomparablémplementationsisinga DSM systemand a message-passirgystemon a clusterof

workstationswvith anATM network.



| Layer | Main Componentsand Functionality |
Programmes Interface Processnodels(dataparallelism taskparallelism threadsactive objects)
Distributedvectorandscalarobjects
Scoped behaviour

Shared-Dat&lassLibrary [10] | Handle-bodyshared-databjects
Scopedchandlegmplementingdata-sharingptimizations

Run-Time System Active objectsandremotemethodinvocation(currently ABC++ [12])
Threadqcurrently POSIXthreads)
Communicatiormechanismgsharednemory MPI, UDP soclets)

Tablel: LayeredView of Aurora

2 ScopedBehaviour and the Aurora System

Aurorais a parallelprogrammingsystemthat provides novel abstraction@nd mechanismso simplify the
task of implementingand optimizing parallelprograms. Aurorais an object-orientedandlayeredsystem
(Tablel) thatusesobjectsto abstracboththeprocesseandsharediatato provide acompletgorogramming
ervironment.

The single mostnovel aspectof Aurorais the scoped behaviour abstraction.Scopedbehaiour is an
applicationprogrammes interface (API) to a setof system-preided optimizations;it is alsoanimple-
mentationframenwork for the optimizations.Unlike typical APls basedon function calls, scopedbehaiour
integratesthe designandimplementatiorof all the softwarelayersin Aurorausingbothcompile-timeand
run-timeinformation. Consequentlytherearea numberof waysto view scopedbehaiour, dependingon

the specificsoftwarelayer

1. Totheapplicationprogrammerscopedehaiour is theinterfaceto a setof pre-packagedata-sharing
optimizationsthat are provided by the Aurora system. Conceptually scopedbehaiour is similar
to compiler annotations. The applicationprogrammerusesAurora’s classedo createshared-data
objects. Then, scopedbehaiour is usedto incrementallyoptimize the data-sharindpehaiour of a

parallelprogramwith a high degreeof flexibility. In particular scopedbehaiour provides:



e Per-context flexibility : The ability to apply an optimizationto a specificportion of the source
code. A languagescope(i.e., nestedbracesn C++) aroundsourcecodedefinesthe contet of
anoptimization. Differentportionsof the sourcecode(e.g.,differentloopsandphasesanbe

optimizedin differentways.

e Per-object flexibility : The ability to apply an optimizationto a specific shared-databject
without affecting the behaiour of other objects. Within a contet, different objectscanbe

optimizedin differentways(i.e., heterogeneousptimizations).

By combiningboththe percontext andperobjectflexibility aspectof scopedbehaiour, the appli-

cationprogrammercanoptimizea large numberof data-sharingatterng9].

2. To theimplementorof the classlibrary, scopedbehaiour is how avariety of data-sharingptimiza-
tionscanbeimplementedy temporarilychanginganobjects interface[10]. Scopedoehaiour does
not requirelanguagesxtensionsor specialcompilersupportthusit requiredessengineeringffort to
implementthannew languageconstructor compilerannotationsAs animplementatiorframework,

scopedehaiour canexploit bothcompile-timeandrun-timeinformationaboutthe parallelprogram.

3. To theimplementorof the run-time system,scopedbehaiour is a mechanisnfor specifyinghigh-
level semantidnformationabouthow shareddatais usedby the parallelprogram.Scopecdbehaiour
canalsocarry semantianformationaboutthe senderstherecevers,andthe specificdatato be com-

municatedacrosdayersof software.

2.1 Example: A Simple Loop

Aurorasupportsbothsharedscalarsandsharedvectors.A scalarobjectis placedon a specifichome node,
but the shareddatawithin the objectcanbe accessedrom ary processomnode. In contrast,a distributed

vectorobjectcanhave a numberof differenthomenodes,with eachprocessonodecontaininga different



| (a) Original Loop | (b) Optimized Loop Using ScopedBehaviour
GVector<int> vectorl( 1024 ); GVector<int> vectorl( 1024 );

{ // Begin new language scope

NewBehaviour(  vectorl, GVReleaseC, int );
for( int i =0; i < 1024; i++ ) for( int i =0; i < 1024; i++ )
vectorl][ i ] = someFunc( i ); vectorl[ i ] = someFunc( i );
} // End scope

Figurel: Applying a Data-SharingDptimizationUsing ScopedBehaviour

portionof the shareddata. The sharedvectorelementsaredistributedamongdifferentprocessonodes but
thedatacanbeaccessefrom ary processonode,aswith scalarobjects.Currently only block distribution
is supportedor sharedvectors.The shareddatacanbereplicatedand cachedbut the homenode(s)of the
datadoesnot migrate.

Oncecreated,a shared-databjectis accessedransparentlyusing normal C++ syntax, regardlessof
the physicallocation of the data. Overloadedoperatorsand othermethodsin the class,translatethe data
accesseinto the appropriateloads, stores,or network messageslependingon whetherthe datais local
or remote. Therefore,aswith DSM systems Aurora providesthe illusion that local andremotedataare
accessedisingthe samemechanisms&nd syntax. In reality, Aurorausesan ADT to createa shared-data
abstraction.

Aurora’s datamodelrequiresthatsharedscalarandvectorobjectsbe createdusingAurora’s C++ class
templatesGScalar andGVector . Any of the C++ built-in typesor ary userdefinedconcretetype [5]
canbeanindependentinit of sharing.

Figurel(a)demonstratelBow adistributedvectorobjectis instantiatedandaccessedNotethatvectorl
is asharedvectorobjectwith 1024integerelementghatareblock distributed. The programmeicanassign
valuesto theelementf vectorl usingthesamesyntaxaswith ary C++ array The overloadedsubscript

operatof(i.e.,operator|] ) is anaccessnethodthatdeterminesvhethetheupdateto vectorl  atindex



i islocal or remote.If the datais local, a write is simply a storeto local memory If the datais remote,a
write resultsin anetwork messageSimilarly, areadaccesss eitheraloadfrom local memoryor a network
messageo getremotedata. By default, shareddatais readfrom andwritten to synchronouslyevenif the
datais on aremotenode,sincethatdata-accessehaiour hastheleasterrorpronesemantics.

The implementatiordetailshave beendiscusseclsavhere[10], but we briefly sketchthe mainideas
atthis time to provide intuition aboutthe implementatiorand motivatethe needfor data-sharingptimiza-
tions. SinceAurora hasdefinedclassGVector suchthatthe subscriptoperatoris overloadedthe syntax
vectorl| i ] isequialentto vectorl.operat or[] ( i ),whereoperator[]() is thename
of a classmethodandvectorindex i is a parameteto the method.Whenvectorl| i ] isassigneda
value,the subscriptoperatormethodlooks up the processonodeon which index i is locatedandthe ele-
mentatthatindex is updated.Theinternaldatastructuref vectorl  keeptrackof, andcanlocate,where
all thevectorelementsarestored.Sincevectorl is block distributedacrossll theprocessonodessome
of thevectorelementsaareon the samenodeasthethreadthatis executingthe updateloop. The updatego
theseco-locatedvectorelementsaretranslatednto a simplestoreto local memory For all the othervector
elementswhich arenot co-locatedwith the thread,the updatesaretranslatedo a network messagéo the
remoteprocessonode. A threadin the Aurorarun-timesystemon theremotenodereadsthe messagand
performsthe actualupdatein its local memory Then,thethreadon the remotenodesendsa network mes-
sagebackto the threadexecutingthe loop, which hasbeenblocked andwaiting for the acknavledgement.
Thisis thewell-knowvn request-respongaessag@attern.

Sincethe default policy for writing to shared-databjects,suchasvectorl |, is synchronousipdates,
thethreadexecutingthe updatdoop mustwait for the acknaviedgemenmessagéom theremotenode.In
doingso,theupdateto vectorindex i is guaranteetb becompletedeforetheupdateoindexi + 1 ofthe
loop. Theoreticallyif asecondhreadis readingindex i of vectorl atthesametimethatindexi + 1

is beingupdatedthenthe secondhreadshouldreadthe valuethatwasjuststoredatindex i . Conceptually



| ScopedBehaviour | Description

Ownercomputes Threadsacces®nly co-locateddata.

Cachingfor reads Createlocal copy of data.

Releaseonsisteng Buffer write accesses.

Combined‘cachingfor reads”and Readfrom local cacheand buffer write accesses.

“releaseconsisteng.”

Read-mostly Readfrom local copy; eagempdatego replicasonwrite.
Currentlyonly implementedor scalars Goodfor read-only
andread-mostlyariables.

Table2: ExampleScopedehaviours

synchronousipdatesarewhat programmersrefamiliar with in sequentiaprogramswhich is why it was
choserasthedefault policy.

However, synchronousupdatesare slow. Two network messagesan updateand an acknavledge-
ment,andvariouscontet switchesare requiredto updatevectorelementson a remotenode. For typical
distributed-memoryplatforms,two messagesantake thousandsf processorcycles. If the semanticof
the applicationrequiresynchronousipdatesthenlittle canbe doneto improve performance However, if
the programmeknows thatsynchronousipdatesarenot necessaryor correctnessghenthewrite-intensie
data-sharingatternof theloop canbe optimized.

Considerthe casewherethe sharedvector is updatedin a loop, but the updatesdo not needto be
performedsynchronously For example,the applicationprogrammemmay know that no otherthreadwill
be readingfrom the vectoruntil afterthe loop. In sucha case,the programmercanchooseto buffer the
writes, flushthe buffers at the endof theloop, andbatch-updat¢he sharedvector(Figure1(b)). So,instead
of two network messagefor eachupdateto a remotenode, multiple updatesare sentin a single network
messagandthereis oneacknavledgemenfor thewholebuffer. If abuffer holdshundredf updatesthen
the performancemprovementthroughamortizingthe overheadss substantial.

Threenen elementsare requiredto use scopedbehaiour to specify the optimization (Figure 1(b)):

openingandclosingbracesfor the languagescopeanda system-preided macro. Of course the new lan-



guagescopes nestedwithin the original scopeandthe new scopeprovidesa corvenientway to specifythe
contet of the optimization.

The NewBehaviour macrospecifiesthat the releaseconsisteng optimizationshouldbe applied to
vectorl . Upon re-compilation,and without ary changedo the loop codeitself, the behaviour of the
updatedo vectorl is changedwithin the languagescope. The new behaiour usesbuffersto batchthe
writesandautomaticallyflushesthe bufferswhenthe scopeis exited.

At the shared-datalasslibrary layer (Table 1), the optimizationis implementedby creatinga new
handle(or wrapper)aroundthe originalvectorl object[8, 10]. Thenew handleobjectonly existswithin
the nestedscopeandthe objectis of classGVReleaseC . By redefiningthe accessnethodsor GVector
insideGVReleaseC (i.e.,compile-time)theoptimizationis implementedBy creatinganew objectwithin
the nestedanguagescope the applicationsourcecodethat usesvectorl doesnot have to be modified
since, by the rules of nestedscopesn block-structuredanguagesthe redefinedcodefor the new handle
will beautomaticallyselected Actions,suchascreatingandflushingbuffers,canbe dynamicallyassociated
with the constructoanddestructoof the handleobjectinsidethe new scope(i.e., run-time)in acreate-use-

destry modelof the handledo theshared-databjects.

2.2 Example: Matrix Multiplication

We now considera more complex exampleinvolving multiple shared-databjectsand different scoped
behaiour optimizations,namelythat of non-blocled, densematrix multiplication, asshavn in Figure 2.

The basicprocesanodelis that of teamsof threadsoperatingon shareddatain single program,multiple

data(SPMD)fashion.The preambldas commonto boththesequentiahndparallelcodeqFigure2(a)). The

basicalgorithmconsistof threenestedoops,wheretheinnermostoop computesa dot productandcanbe

factorednto a separaté€-stylefunction.

However, eachmatrix hasa differentaccespatternanddifferentpropertiegFigure3). Differentscoped
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(@) Common Preamble

int i, |;
I Prototype of C-style function with innermost loop

int dotProd( int * a, int * b, int j, int n);
(b) SequentialCode (c) Optimized Parallel Code
/ mA, mB, mC are 512 x 512 matrices /I mA, mB, mC are 512 x 512 G\ectors
int  mA[ 512 ][ 512 |; GVector<int> mA( MatrixDim( 512, 512 ) );
int mB[ 512 ][ 512 ]; GVector<int> mB( MatrixDim( 512, 512 ) );
int mC[ 512 ][ 512 ]; GVector<int> mC( MatrixDim( 512, 512 ) );

{ // Begin new language scope

NewBehaviour( mB, GVReadCache, int
NewBehaviour( mC, GVReleaseC, int

while( mA.doParallel( myTeam) )
forC i =0; i <512; i++ ) for( i = mA.begin();i < mA.end();i
for( j =0; j < 512; j++ ) forfC j =0; j < 512; j++ )
mC[i[i] = mC[il[i] =
dotProd(  &mAl[i][0], mB, j, 512 ); dotProd(  &mAJi][0], mB, j,

} // End scope

NewBehaviour( mA, GVOwnerComputes, i

+= mA.step())

Figure2: Matrix Multiplication in Aurora

behaiour optimizationscanbe appliedto differentshared-databjects.In particular:

1. Matrix A is read-only Also, eachrow is independenof otherrowsin thatit is never necessaryo read

multiple rows of Matrix A whencomputinga givenrow in Matrix C.

2. Matrix B is read-only Also, sinceall of Matrix B is accessefbr eachrow of Matrix A, theworking

setfor Matrix B is large.

Giventhesizeof Matrix B, it may bemostefficientto move this datausingbulk-datatransfer

3. Matrix C is write-only. Specifically the updatedvaluesin Matrix C do not dependon the previous

valuesin Matrix C. During the multiplicationitself, the previousvaluesof Matrix C arenever read.

11



/l Sequential matrix — multiplication
for( i =0; I < size; i++ )
for( j =0, j < size; j++ )
mCIi][j] = dotProd(  &mA[i][0], mB, j, size );
Matrix A Matrix B Matrix C

i —
e

%

.

Figure3: Matrix Multiplication: DifferentAccessPatterns

Conceptuallywe canview anoptimizationasa changen thetypeof thesharedbjectfor thelifetime of
thescope As alreadydiscussedtheactualimplementations basednthedynamiccreationanddestruction
of nestedhandleobjectswith redefinedaccesanethodsin their classeqi.e., the new type for the origi-
nal shared-databject). As an exampleof perobjectflexibility, threedifferentdata-sharingptimizations
(Table?2) areappliedto the sequentiatodein Figure2(b)to createthe parallelcodein Figure2(c).

We describethe scopedbehaioursin increasingorderof compleity. Sincethe scopedbehaiours for
vectorsmCandmBrequireno changeso thesourcewe describehemfirst. Thescopedehaiour for vector
mAis morecomplicatedandit requiressomemodestchangedo the sourcecode,sowe discusst last.

Thescopechehaioursare:

1. NewBehaviour(mC , GVReleaseC, int) : Toreducethe numberof updatemessageto ele-

mentsof distributedvectormCduringthe computationthe type of mCis changedo GVReleaseC .

As with the simpleloop example,the overloadedsubscriptoperatorbatcheghe updatesnto buffers
andmessageareonly sentwhenthebuffer is full or whenthe scopeis exited. Also, multiple writers

to the samedistributedvectorareallowed. No lexical changedo the sourcecodearerequired.

12



2. NewBehaviour(mB , GVReadCache, int) : Toautomaticallycreatealocal copy of theentire
distributedvectormBat the startof the scope thetype of mBis changedo GVReadCache. Caching
vectormBis an effective optimizationbecauséhe vectoris read-onlyandre-usedmary times. The
challengeaswill bediscussedater, liesin how to efficiently transferthe requireddatainto all of the

readcachesAt theendof thescopethecaches freed.

NotethatdotProd()  expectsC-stylepointers(i.e.,int  *) asformal parametera andb. Pointers
provide the maximum performancenvhen accessinghe contentsof vectormB Thereforethe read
cachescopedbehaiour includesthe ability to passa C-style pointerto the newly createdcacheas
theactualparameteto dotProd() ’sformalparameteb. Notethatno lexical changego theloop’s

sourcecodearerequiredfor this optimization.

3. NewBehaviour(mA ,GVOwerConput es,i nt): Topartitiontheparallelwork, theownercomputes

techniques appliedto distributedvectormA

Ownercomputesspecifiesthat only the threadco-locatedwith a datastructure,or part of a data
structure,is allowed to accesshe data. Thesedataaccesseareall local accessesGiven a block-
distributed vector the differentthreadsof an SPMD teamof threadsare co-locatedwith different
portionsof the vector Thus, eachof the threadsin the teamwill accessa differentportion of the

distributedvector

Within the scope,vector mAis an object of type GVOwnerComputes and has specialmethods
doParallel() , begin() , end() , andstep() . Only the threadsthat are co-locatedwith a
portionof mAs block-distriluted dataactuallyenterthewhile loop anditerateover theirlocal data.
It is possiblethatsomeprocessearelocatedon nodesthatdo not containa portion of the partitioned
anddistributedvectormA Theseprocessesdo not participatein the computatiorbecausehey do not

enterthebody of thewhile loop.
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NotethatfunctiondotProd()  alsoexpectsa pointerfor formal parametea. Sincethe portionsof
vectormAto beaccessedrein local memory asperownercomputesit is possibleto usea pointer
Therefore GVOwnerComputes providesa C-stylepointerto the local dataasthe actualparameter
to dotProd() ’sparameter. Although somechangedo the users applicationsourcecodeare

requiredto apply ownercomputesthey arerelatively straightforvard.

Theresultof this heterogeneousetof optimizationsis thatthe nestedoopscanexecutewith far fewer
remotedataaccessethanbefore.All readaccessearefrom acacheor local memory;all write accesseare
buffered. Thatis to say thelocality of datareferencess greatlyimproved. In addition,the parallelprogram
useghe sameefficient, pointerbaseddotProd()  functionasin thesequentiaprogram.

Furthermore the high-level semanticsof scopedbehaiours can be exploited for further efficiencies
[9]. Typical demand-page®SM systemsdo not exploit knowledgeabouthow the datais accessedFor
example,even when eachelementof a datastructureis eventually accessedi.e., denseaccesses)DSM
systemssendan individual requestmessagdor eachpageof remotedata. However, scopedbehaiours
do containextra semantidnformation. The readcachescopedbehaiour specifieshatall of vectormBis
cachedthereforethereis no needto transfereachunit of dataseparatelyThe multiple requesinessagesan
be eliminatedif the datais streamednto eachreadcachevia bulk-datatransfer Althoughthe notion of a
bulk-dataprotocolis not new, scopedehaiour providesa corvenientimplementatiorframenork to exploit
the high-level semantics As anotherexample,vectormCis write-only, asopposedo read-write therefore
we canavoid theoverheadf demandingn thedatasinceit is never readbeforeit is overwritten. Without a
priori knowledgethatthedatais write-only, a programmingsystemmustassumehe mostgenerabndmost
expensve caseof read-writedataaccessesScopedoehaiour cancapturea priori knowvledgeabouthow

datais used.

14



3 Performance Evaluation

We now compareand contrastthe performanceof two applicationsimplementedusing three different
typesof parallel programmingsystems:Aurora, TreadMarks(a page-basedSM system),and MPICH
(amessage-passirgystem).A subsebdf the performanceesultswith AuroraandMPICH have beenprevi-
ouslyreported10]. Theresultswith TreadMarksarenew andalarger cluster(16 nodesinsteadof 8 nodes)
hasbeenusedfor this performancevaluation.

Althoughtherearedifferencesn theimplementation®f the programausingthe differentsystemscare
hasbeentaken to ensurethat the algorithmsand the purely sequentialportions of the sourcecode are
identical. Also, differentdatasetdor eachapplicationare usedto broadenthe analysisandto highlight

performancdrends.

3.1 Experimental Platform

The hardware platform usedfor theseexperimentsis a 16-nodeclusterof IBM RISC System/600Model
43P workstations,eachwith a 133 MHz PonverPC 604 CPU, at least96 MB of main memory and a
155 Mbit/s ATM network with a single switch. The ATM network interface cardsare FORE Systems
PCA-200EUX/OC3SC,which connectto the PCI bus of the workstation. The ATM switchis a FORE
Systemdviodel ASX-200WG.This clusterwasassembleaspartof the University of Toronto’s Parallelism
on WorkstationdPOW) project.

ThesoftwareincludesBM’ sAIX operatingsystem(versiord.1),AlX’ shuilt-in POSIXthreadgPthreads),
thexIC _r C/C++compiler(version3.01),andthe ABC++ classlibrary (version2, obtaineddirectly from
thedevelopersin 1995). TreadMarkgversion0.10.1)is usedasanexampleDSM system.

The run-time systemof ABC++, which is alsopart of the Aurorarun-time system(Table 1), usesthe

MPICH (version1.1.10)implementatiornof the Message-&ssinginterface (MPI) asthe lowestuserlevel

15



| Application || Dataset | Time (seconds) | Comments

Matrix Multiplication 512x 512 110.6 (1PE) | Originalimplementatiorwasfor Aurora.
(MM2) matrices 11.7 (@16PE,MPICH) | ComputesP « @ x R then
Speedupf9.49 | R + ) x P. Initial valuesare
704 x 704 250.7 (1PE) | randomlygeneratedntegers.Allgather
matrices 25.2 (16PE,MPICH) | data-sharingattern(Figure4.1of [16]).
Speedupf 9.94
Parallel Sortingby 6 million keys | 14.4 (1 PE) | Originalimplementatiorfor shared
RegularSampling 3.68 (16PE,MPICH) | memory[7]. Keysarerandomlygenerated
(PSRS) Speedupf 3.91 | 32-bitintegers.
8 million keys | 19.9 (1 PE) | Multi-phasealgorithm.Broadcastgather
11.21 (ePE,MPICH) | andall-to-all patterngFigure4.1of [16]).
Speedupf 1.78

Table3: Summaryof ApplicationsandDatasets

software layer for communication[6]. For our platform, MPICH usessocletsand TCP/IP for datacom-
munication. The ABC++ run-time systemis a softwarelayeraborze MPICH andaddsthreadgo the basic
message-passirignctions.A daemorthreadregularly pollsfor andrespondso signalsgeneratedby incom-
ing MPICH messageslhedaemorcanreadmessagesoncurrentlywith otherthreadghatsendmessages.
Althoughthedaemonncurscontet switchingandpolling overheadsit alsohasthe benefitof beingableto
pull dataoff the network stackin atimely andautomatiomanner

The message-passimogramsalsouseMPICH, but without the multiple threadsusedin the ABC++
run-time system. Thesemessage-passingogramsare linked with the sameMPICH librariesasin the
Aurorasystem.Of course thereareseveral differentimplementation®f the MPI standardeachwith their
performancestrengthsand weaknessesTherefore,for precision,we will referto thesemessage-passing
programsasMPICH programdor therestof this discussion.

All programsAurora, the ABC++ classlibrary, MPICH, and TreadMarksare compiledwith -O opti-

mization.
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3.2 Applications, Datasets,and Methodology

As summarizedn Table3, the applicationsarea matrix multiplication program(MM2), anda parallelsort
via the Parallel Sortingby Regular Sampling(PSRS)algorithm[7]. We have alsoexperimentedvith a2-D
diffusionsimulationandthetravelling salesperso(ir SP)problem[11], but thoseapplicationsdo nothave a
bulk-datatransfercomponensowe do not discusgshemhere.

Matrix multiplication is a commonly-usedapplicationfrom the literatureandwe have extendedit by
usingthe outputof onemultiplication asthe input of anothemultiplication. In practice the outputof one
computationis often usedasthe input of anothercomputation.Parallel sortingis an applicationthat has
beenwidely studiedby researcherbecauseat hasmary practicaluses. For this study we are primarily
interestedn thedata-sharindpehaiour of the applicationsasnotedin the commentsectionof Table3.

By design,large portionsof sourcecodeareidenticalin the TreadMarksAurora, andMPICH imple-
mentationf the sameapplication.In thisway, differencesn performanceanbe moredirectly attributed
to differencesn the programmingsystems.

The speedup®f all the programsare computedagainstsequentialC implementation®f the sameal-
gorithm (Table 3). In the caseof PSRS quicksortis usedfor the sequentiatimes. Therefore the typical
object-orientedverheadge.g.,temporaryobjectsandscoping)are not part of the sequentialmplementa-
tions,but are partof the parallelimplementations.

Unlessnotedotherwise the reportedreal timesare the averagesof five runs executedwithin a single
paralleljob. More specifically the processegor a single process)are startedup, the datastructuresare
initialized, the datapagesaretouchedto warmup the operatingsystems pagetables,andthenthe compu-
tationalcoreof the applicationis executedfive timeswithin anouterloop. Measuremenérror, the activity
of otherprocessesnthe system(e.g.,daemorprocesseg]isk I/0), andotherfactorscancausesmall vari-

ationsin therealtimes. Therefore gachrunis timedandthe averagetime of thefive runsis takento bethe
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solutiontime. Unlessnotedotherwise the obsered range(i.e., minimumto maximum)of realtimesof the
runsarelow relatve to thetotal runtime.

The datasetdor matrix multiplication and PSRSare randomlygenerated.A differentrandomnum-
ber seedis usedfor eachrun. For example,in matrix multiplication, the matricescontainvaluesthat are
randomlygeneratedisinga differentseedfor eachrun. Similarly, the keys sortedby PSRSare uniformly
distributed 32-bit integersthat are randomlygeneratedvith a differentseedvaluefor eachrun. Different
randomnumberseedsreusedto helpeliminateanomaliesn theinitial randomorderingof keysfor agiven
datasesize.

Throughoutthis discussionthe MPICH timesareusedasthe baselinebenchmarlsinceit is generally
acknavledgedthatmessage-passimogramsseta high standarf performanceEventhoughthe MPICH
programsare not always the fastest,as can be seenin Table 3, they definethe baselinein orderto be

consistent.

3.3 Matrix Multiplication

Designand Implementation

Thematrix multiplicationapplicationusedfor this evaluationis differentfrom the programdiscussedn
Section2.2in thattwo separatenatrix multiplicationsare performedin successionTherearetwo phases
separatedby abarrier In Phasel, P < @ x R is computed.In Phase, R + @ x P is computed.Note
that matrix P is written to in thefirst phaseandit is readfrom in the secondphase. Thus, the outputof
onemultiplicationis usedastheinput of the next multiplicationandthe optimizationneedsof the matrices
changdrom phase-to-phasdt is assumedhatall threematricesareblock distributedacrosgheprocessors
in theparalleljob. Althoughthespecificmatrix computations synthetic,t is designedo reflecthow shared

datais usedin realapplications.
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In Phasel, matrices) and R areread-intensie andmatrix P is write-intensve. In Phase?, matrices
Q@ (again)and P areread-intensie andmatrix R is write-intensve. As previously discussedread-intensie
shareddatacanbe optimizedusingeitherownercomputesor areadcache Write-intensve shareddatacan
be optimizedusingreleaseconsisteng. Alternatiely, write-intensve accessesanalsobe optimizedusing
ownercomputesf the datais appropriatelydistributed. Sincethe accesatternsfor matricesP and R
changerom phaseo phasethe percontext flexibility of scopedoehaiour is particularlyvaluable.

In the Auroraimplementationthe samematrix multiplicationfunction mmultiply() is usedfor both
phaseshut the function is called with different shared-databjectsas the actual parameters.Function
mmultiply() hasformal parametersnA mB andmG which areall GVector s,andthefunctionalways
computesmC«+ mA x mB In contrastto Figure 2, the ownercomputesscopedbehaiour is appliedto
both mAand mCandthe readcachescopedbehaiour is appliedto mB We canuseownercomputesfor
mCbecausat is block distributed. In Phasel of the program,mQis multiplied with mRand assignedo
mPJi.e., theprogramcallsmmultiply( mQ, mR, mP, ... ) ]. In Phase2, mQis multiplied
with mPand assignedo mR{i.e., the programcalls mmultiply( mQ, mP, mR, ... )]
Calling function mmultiply() with different actual parameterss one form of percontet flexibility
sincedata-sharingptimizationswill beappliedto differentmatricesdependingnthecall site.

Note thatthe only datasharingis for the readcacheof formal parametemB Sincematrix mBis block
distributed,loadingthe readcachealwaysresultsin anall-to-all communicatiorpatternaseachnodesends
acoyy of its local portionto all othernodesandreadshe datafrom the othernodesinto alocal cache.Snir
et al. describehis specificdata-sharingatternas“allgather” (Figure4.1 of [16]). Furthermoregachnode
sendghe exact samedatato eachof the othernodeswhich is differentfrom the all-to-all communication
patternin the PSRSapplicationdiscussedelon. The patternin PSRSis describedas “alltoall (vector
variant)”[16].

In TreadMarksthe matricesare allocatedfrom the pool of sharedpages,so eachpageof the shared
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matrix mBis demanded-irasit is touchedby the nestedoopsof the multiplication. Both the TreadMarks
andMPICH programshave the exactsamemmultiply() function,with the matrix parameterpasseds

C-stylepointers.After the entirematrix mBhasbeenlocally cachedthereis no moredatacommunication.
As with Aurora, matrix mBis actually matrix mRduring Phasel. In Phase2, matrix mPis the actual
parameteandthusmustbe demanded-imluringthatphase Sincematrix mPis updatedn Phasel, reading
from matrix mPin Phase2 invokes the relevant dataconsisteng protocolsin TreadMarks. Thereare no

permatrix or percontext optimizationsn TreadMarks.

For MPICH, the actualdatafor formal parametemB is explicitly transferredinto a buffer before
mmultiply() is called. Currently this datatransferis implementedusing non-blockingsendsandre-
ceives(e.g.,usingfunctionsMPI_Isend() ,MPI_recv() ,andMPI_Waitall) ). So,in Phasel, the
entire contentsof matrix mRis transferrednto a local buffer by explicitly sendingthe local portionto all
othernodesandexplicitly receving aportionof thematrix from theothernodes. And, in Phase, matrixmP
is transferrednto local memorybeforemmultiply() is called.In bothphasespnly thelocal portionsof
the othertwo matricesareaccessedandthe accesss doneusingloadsandstoresto local memory There-
fore,in the MPICH version,thereis no needfor datacommunicationsvithin the mmultiply() function

itself.

Performance

The performanceof the threedifferentimplementation®f matrix multiplication is shawvn in Figure4
andFigure5. In bothfigures,thetop graphshawvs the absolutespeedupschieved by the systemdor 2, 4,
8, and16 processonodes.Thebottomgraphshavs thespeedupsormalizedsuchthatthe MPICH speedup
is always 1.00. For boththe 512 x 512 and704 x 704 datasetsall threesystemsachiese high absolute
speedup$or upto 8 processorsk-or upto 16 processordyoth TreadMarksandAurorashav high speedups,

but MPICH sufrersin comparisonWe discusgshe MPICH resultsbelown. Overall, the high speeduparenot
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Figure4: Speedup$or Matrix Multiplication, 512 x 512

surprisingsincematrix multiplicationis known to beaneasyproblemto parallelize.

The performancdifferencebetweenideal speedugi.e., unit linear) andthe achiered speedups gen-
erally dueto the overheadf communicatingnatrix mBand,to a lesserextent, dueto the needfor barrier
synchronizationn the parallelprograms.Speedupsf betweenl3 and14 on 16 processorgreencourag-
ing consideringthe relatively small datasetandthe particularhardware platform. Eventhoughthe 704 x
704 datasetrequires250.7secondf sequentiakxecutiontime, it is still arelatvely small computational
problem.For example,perfectunit linear speedupn 16 processorsequiresaruntime of 15.7secondgor
the 704 x 704 dataset.The fastestrun time for that datapointis achiezed by the Auroraprogramat 17.9
seconddor a speedumf 14.0. Therealtime differencebetweeridealandachiered speedups afairly low
2.2 secondsbut thattranslatesnto areductionof 2.0in theabsolutespeedup.

Also, in recentyears processorfiave increasedn speecat a greaterratethannetworks have increased

in speed. In effect, the granularityof work hasactually decreasedi.e., becomeworsefor performance)
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for a given applicationand the absolutespeedup®f 15 (or better)on 16 processorseportedin previous
paperscannotbe directly comparedwith theseabsolutespeedupsAs the numberof processorsncreases
(i.e., processoscalability), Auroramaintainsa consistentsmall, but growing, performancedwantageover
TreadMarks. This differenceis attributableto how the two systemshandlebulk-datatransferand data
consisteng

As previously discussedAuroraexploits the semanticof the scopedoehaiour for areadcacheto ag-
gressiely pushdatainto remotecaches.In contrast,TreadMarkstransfersdatausing a request-response
protocolthatis invoked perpageandon demand Althoughthereis a potentialfor increase¢ontentiordur
ing the bulk-datatransfer ascomparedvith arequest-respong@otocol,our experimentakesultsshov that
bulk-datatransferresultsin a netbenefitfor this data-sharingpattern. Also, sinceTreadMarksende&ours
to provide a general-purposdata-consisterycmodel, the protocol overheadsof fault handling,twinning,

diffing, andcommunicatiorf13] are more expensve thanthe simplerapproachtakenin Aurora. Thereis
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no consisteng modelper se in Aurora; rather datais transferredmanipulatedand madeconsistenon a
languagescopebasisaccordingo the create-use-destanodelof shared-databjects.

As theproblemsizeincreasegi.e., problemscalability),the performanceyapbetweenlreadMarksand
AuroraalsoincreasesWhereasAurora’s speedupsirehigherusing8 and16 processorsor the 704 x 704
datasethanfor the512 x 512 datasetTreadMarkss speedupareconsistentijower for thelargerproblem
size.For example thenormalizedspeedugor TreadMarkdallsfrom 1.38to 1.280on 16 processorbetween
thetwo datasetsNormally, asthe problemsizeincreasesthe granularityof work increasesandspeedups
shouldalsoincrease.This is especiallytrue of matrix multiplication sincethe computationatompleity
grows O(n?) andthe communicatioroverheadgyrons O(n?). However, the lower speedupsor the larger
problemsuggestdhattheremay be a bottleneckwithin TreadMarks.One possibleexplanationis thatthe
larger problemrequiresmore sharedpages,which may resultin more contentionfor the network, fault
handling,and protocol processingas the larger matrix is demandednto eachnode. Also, the request-
responseommunicatiorpatternusedby TreadMarksexposesthe entire perpagenetwork lateny to the
applicationwhereaghebulk-datatransfercapabilityin Auroracreatesa pipelinedexchangeof datato hide
moreof thelateng. Partof Aurora’s designphilosophyis to try andavoid bottleneckslueto contentionby
keepingthedata-sharingrotocolsassimpleaspossible(i.e., smallerhandlingandprotocoloverheadsand
by supportingcustomprotocols,aswith bulk-datatransfer(i.e., smallerincrementatostasamountof data
increases).

In fairnessijt shouldbe notedthatnewer researctversionsof TreadMarksncludesupportfor prefetch-
ing data,which mayimprove the performancef bulk-datatransfer However, theseversionsof TreadMarks
arenot availablefor usein this evaluation. And, evenwith prefetchingthe consisteng protocoloverheads
remainaninherentpartof TreadMarks.

The performanceof MPICH begginsto lag behindthe performanceof TreadMarksand Aurora starting

(mamginally) at 4 processorswith the gapincreasingat 8 and 16 processorsFor 16 processorsthe nor
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malizedspeedupdgor Aurora are betweend1% and 43% higherthanfor MPICH. First, we quantify and
comparehe datacommunicatioroverheadsn AuroraandMPICH. The sameanalysisis not performedfor
TreadMarksecausdt would requiresubstantiamodificationsto the TreadMarkssourcecode.Secondwe
considersomepossibleexplanationsasto why the overheadsrehigherfor MPICH.

Weisolatedandmeasurethedata-sharingverheadsissociatesvith matrixmBin functionmmultiply()
for boththe AuroraandMPICH programs.Theresultsfor the 704 x 704 datasetareshavn in Figure6 in
termsof the numberof secondsf real time of overhead.Lower timesimply lessdata-sharingverhead.
Theserealtimesarethe averageof five runs. Note that for the 16 processorcaseusing Aurora, eachpro-
cessosenddi.e.,local datato all nodes)and receves(i.e., remotedatafrom all nodes)approximatelyl.77
MB of data for atotal of 3.54MB of network input/outputfor eachreadcacheof matrixmB Sincethereare
two phasesandtwo readcachesatotal of 7.09MB of datais transferredoernodefor eachrun. Of course,
theamountof datatransferreds the samefor MPICH.

Recallthatthe Auroraprogramappliesthereadcachescopedehaiour to matrixmB Two barrierswere
addedo the Auroraprogram:onebarrierjustbeforeandonebarrierjust afterthe NewBehaviour macros
for matricesmA mB andmCin mmultiply() . The executiontime betweenthe barriersis takento be
the data-sharingoverheadsincethereis no more communicationsfter the scopedbehaiours have been

applied. Althoughall the behaiours aremeasuredthe overheadof the readcachedominateshe reported
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times. Normally, thesebarriersare not requiredbecause processcanproceedwith the multiplication as
soonasits own local cacheis ready regardlesof whetherary otherprocesss alsoreadyto proceed.By
addingthe barriersto this experiment,we measuraghe worstcasetimesfor all processeto loadtheir read
cache.

Recallthatthe MPICH programloadsthe contentsof matrix mBbeforecalling mmultiply() . So,
by measuringhe amountof time requiredfor this localizedsetof sendsandreceves, we obtainthe total
data-sharingverhead As with the Auroraprogramwe addeda barrierbeforeandafterthis dataexchange
phaseof the program,andthetime betweerthe barriersis takento be thetotal data-sharingverhead.

Figure 6 shavs thatthe real-timeoverheadf Auroraarebetweenl2% (0.98 secondsrersus8.0 sec-
onds)and80% (0.53 secondsrersus0.66 seconds}hat of MPICH for this particulardata-sharingattern.
In the 16 processocasethe MPICH overheadsareover eighttimeshigherthanthe AuroraoverheadsFor
MPICH, the overheadsnorethandoubleasthe numberof processorsloubleswhich suggesta significant
bottleneckasthe degreeof parallelismis scaledup. In contrast,Aurora’s overheadgyrow at a ratethatis
lessthantheincreasan the degreeof parallelism.

Pinpointingthe exactbottleneckin the MPICH programis difficult becausex numberof softwareand
hardware layersareinvolved andnot all of theselayers(e.g.,AlX’ s implementatiorof TCP/IP)areopen
for analysis.In the following discussionwe rely on our hands-orexperience the experimentalevidence,
andpreviously publishedresearcho positsomepossiblesxplanations We theorizethat Aurora’s bulk-data
transferprotocolfor this type of sharingoutperformsMPICH for two mainreasons¥irst, Aurora’s useof
UDP/IP avoids someof the protocoloverheadsssociateavith TCP/IP.Second Auroraavoids someof the
overheadsassociateavith a lack of databuffering in MPICH. Note that Aurora continuesto useMPICH
(and,thus, TCP/IP)for non-hulk-datatransfers.

By usingUDP, Aurorabypassed CP’s congestioravoidancealgorithmsandflow controlmechanisms

[3]. In anall-to-all data-sharingpattern,therewill be congestiorandcontentionsomeavherein the system,
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regardlessof the parallelprogrammingsystemthatis used. All processesrecommunicatingat the same
time and contendfor resourcesuchasthe network, the network interface,and the network stackin the
operatingsystem.But, whereasTCPwill conseratively back-of beforeretransmittingo avoid flooding a
sharedhetwork, a UDP-basedpproackcanretransmiimmediatelyunderthe assumptiorthatthe network
is dedicatedo the task at hand. This assumptioris not generallyvalid on a wide areanetwork (WAN),
but it is valid in our clusterenvironment. If a network is not sharedwaiting beforeretransmissionvastes
more network bandwidththroughidlenessthanit sasesin avoiding further congestion.lt is alsopossible
that TCP’s flow control mechanismsre degradingperformanceor this sharingpattern. The interaction
betweenT CP’s variousmechanismssuchaspositive acknavledgementswindowved flow control,andslow
start,canbe comple, especiallyfor our data-sharingpattern[17, 18]. Without accesdgo the AIX internals,
it is difficult to bemoreconclusve. However, in summary TCP’s robustandconserative approacho flow
controlis well-suitedfor shared/VANSs, but it is notnecessarilpptimalfor dedicated_ANs, suchasfor our
applications.

We notethat TreadMarksalsousesUDP/IP for its network protocoland TreadMarkss performancas
muchcloserto Aurorathanto MPICH. AlthoughTreadMarkss useof UDP is quite differentfrom Aurora,
the similaritiesin speedupdetweenhesetwo systemssuggesthatthe main bottleneckis probablyeither
MPICH or TCPandis notthe physicalnetwork. If thebottlenecKieswithin TCP, thenarewrite of MPICH
to useUDP for bulk-datatransfermay closethe performancegap betweerall threesystems.However, a
UDP-basedrersionof MPICH is not currentlyavailableandwe could not testthis hypothesis.But, based
ontheexperimentakvidence the performanceroblemswith MPICH arelikely theresultof anunfortunate
bottleneckinsteadof a fundamentatiesignflaw with messag@assingor MPICH.

Why aretheperformanceproblemswith TCP/IPnot betterknonvn? Many of the publishedperformance
numbersfor MPICH and TCP/IP arefor single senderandsinglerecever sharingpatternson a dedicated

network. Thesimplesendeirecever patternandthe dedicatechetwork likely avoidsary of thesituationsn
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| Phase || Algorithm | Main Optimizations in Aurora |
1 Sortlocal dataand Sort local datausing ownercomputes. Samplesare
gathersamples. co-locatedwith masterandaregatheredusingrelease
consisteng.
2 Sortsamplesselectpivots,andpar | Mastersorts samplesusing ownercomputes. Pivots
tition local data. areaccessefrom areadcache.
3 Gatherpartitions. Partitions are gatheredinto local memory using
distmemcpy()
4 Mergepartitionsand Merge partitionsin local memory NOTE: Partitions
updatelocal data. aremeiged,NOT sorted.

Table4: Percontext andPerobjectOptimizationsn Aurora’s PSRSProgram

which congestioravoidanceandflow controlmechanismgsomeinto play.

As for MPICH’s approachto databuffering, our experienceis that large datatransfers,especiallyin
all-to-all patternsmustbe fragmentedandde-fragmentedby the applicationprogrammethroughmultiple
callsto the sendandreceve functions. As perthe MPI standardbuffering is not guaranteedor the basic
MPI_Send() andMPI_Recv() functions. Therefore,the MPICH programssuffer from the additional
overhead®f fragmentatiorfor large datatransfers Admittedly, this problemcould potentially beaddressed
in analternatamplementatiorof MPI. Or, differentbuffering stratgiescanbetried usingotherversionsof
the sendandreceve functions. In fact,a numberof differentstratgiesweretried without achieving better

results.

3.4 Parallel Sorting by Regular Sampling

Designand Implementation

The Parallel Sorting by Regular Sampling(PSRS)algorithmis a general-purposezomparison-based
sortwith key exchange[15, 7]. As with similar algorithms,PSRSis communication-intengé sincethe
numberof keys exchangedyrows linearly with the problemsize.

The basicPSRSalgorithmconsistsof four distinct phases Assumethattherearep processorandthe
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original vectoris block distributedacrosghe processorsPhasel doesalocal sort(usuallyvia quicksort)of
thelocalblock of data.No interprocessocommunications requiredfor thelocal sort. Then,asmallsample
(usuallyp) of the keys in eachsortedlocal block is gatheredoy eachprocessor In Phase2, the gathered
samplesaresortedby themastemprocessandp — 1 pivotsareselectedThesepivotsareusedto divide each
of thelocal blocksinto p partitions.In Phase3, eachprocessoi keepsheith partitionfor itself andgathers
theith partition of every otherprocessorAt this point, the keys ownedby eachprocessofall betweertwo
pivots andaredisjoint with the keys ownedby the otherprocessorsin Phased, eachprocessomegesall
of its partitionsto form a sortedlist. Finally, ary keys thatdo not residein thelocal datablock aresentto
theirrespectie processorsThe endresultis a block-distritutedvectorof sortedkeys.

Conceptuallya multi-phasealgorithmwith several shared-databjectslike PSRSjs particularlywell-
suitedfor the percontext andperobjectdata-sharingptimizationsin Aurora. The optimizationsrequired,
andthe objectsthatareoptimized,differ from onephaseo anothemphase.Table4 summarizeshe phases
of PSRSand the main Aurora optimizations. Note that the datamovementin Phase3 is implemented
with distmemcpy() ,whichisamemcpy() -likeconstructhattransparentihandleshared-dataectors,
regardlessof the distribution andlocationof thelocal bodies.Functiondistmemcpy()  is invoked by the
readerof the dataandis anotherexample of asynchronousr one-sidecommunicationsinceit doesnot
requirethe synchronougarticipationof the sender The functioninteractsdirectly with the daemonthread
onthesendess node.

In the Aurora program,someoptimizationsare basedon the programmes knowledgeof the applica-
tion’s data-sharingdioms. For example,thereis a multiple-produceiandsingle-consumesharingpattern
during the gatheringof samplekeys in Phased and2 (see[9]). This patternhasalsobeendescribedas
a gatheroperation[16]. Note thatthe vectorSample hasbeenexplicitly placedon processonode0. In
Phasel, thesamplesregatheredy all processonodesandoptimizedusingreleaseconsisteng Eachpro-

cessonodeupdatesadisjointportionof thevector In Phase, themastemode(i.e., processonode0) sorts

28



all of the gatheredsamples.SinceSample is co-locatedwith the mastey we canusethe ownercomputes
optimizationandcall quicksort() usinga C-stylepointerto thelocal data,for maximumperformance.

Two otherimplicit optimizationsarealsopresenin the Auroraprogram.First, Sample is updatedn
Phasel withoutunnecessargatamovementandprotocoloverheadsWith mary page-base®SM systems,
updatingdatarequiresthe writer to first demand-inandgain exclusive ownershipof the target page.How-
ever, with Aurora,the systemdoesnot needto demand-irthe mostcurrentdatavaluesfor Sample because
it is only updatedandnot readin Phasel. And, sincethe differentprocessonodesare updatingdisjoint
portionsof thevector thereis no needto arbitratefor ownershipof the pageto preventraceconditions.By
designthescopedehaiour allows the programmeto optimizedisjoint, update-onlydata-sharingdioms.
Secondsincethelocal body for Sample is explicitly placedon processonode0, the updatedvaluesare
senteagerlyanddirectly to the mastemodewhenthe Phasel scopeis exited. Thereforethereis no needto
qgueryfor anddemand-irthe latestdataduring Phase2, aswould be the casefor mary DSM systems.

An explicit optimizationis the bulk-datatransferprotocolthatis partof distmemcpy() . It is pre-
sumedthatdistmemcpy()  is primarily usedfor transferringlarge amountsof data,soa specializedoro-
tocolis justified. In contrasto the “alwaysexchangeall thedata”’(i.e., “allgather”) semanticandall-to-all
sharingof areadcachein matrix multiplication,distmemcpy()  usesaone-to-ongrotocol;thereis only
onerecever of thedatatransfer As with thepreviousbulk-dataprotocol,thenew protocolusedUDP instead
of TCP andimproves performanceby adoptinga more aggressie flow control stratgy. And, aswith the
readcacheoptimization,bulk-datatransferhasa net benefitdespitethe possibility of increasedtontention
duringthe datatransfer

The TreadMarksprogramis a direct port of the original shared-memorprogramfor PSRS[7]. All
of the shareddatastructuregesideon shared-memorpagesandthe basicdemand-pagingnechanismef
TreadMarksreactto the changingdata-accespatternsof eachphase.Unlike Aurora, thereareno mecha-

nismsfor avoiding the protocoloverheadgor write-only dataandto eagerlypushdatato the nodethatwill
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Figure7: Speedup$or ParallelSorting(PSRS)6 million keys

useit in thenext phasg(i.e., Sample in Phased and2). However, for the 6 and8 million datasetsisedin
this evaluation,the main determinantf performances the efficiengy of the datatransferin Phase3, aswe
will seebelow.

The MPICH programimplementswith explicit sendsand receveswhat Auroraimplementswith the
scopedbehaiour and dataplacementstratgies describedabore. For example, like Aurora and unlike
TreadMarksthe MPICH programdoesnot performamessageeceve for the contentsof Sample in Phase
1 beforeupdatingthem. And, the gatheredsamplekeys are senteagerlywith a single messagesendin

preparatiorfor Phase2.

Performance

The performanceof PSRSis givenin Figure7 and Figure 8. The MPICH versionof PSRSis faster

thanboth AuroraandTreadMarkgor the 2 processodatapoints. The TCP-basedlatatransferin MPICH
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is very effective whenthereis relatively low contention,suchaswhenonly 2 processor&xchangedata.
However, asthe numberof sender@andreceversincreasesvith thedegreeof parallelism both TreadMarks
and Aurora begin to significantly outperformMPICH. Benefitingfrom the UDP-basedoulk-datatransfer
protocol,Auroraachiezesthe highestperformancdor all the4, 8, and16 processocases.

Exceptfor the 2 processodatapoints, Aurora is consistentlyfasterthan TreadMarksby magins of
up to 25%. As with matrix multiplication, the performancelifferencegrows with the size of the problem
becauséurora’s bulk-datatransferprotocolis betterat pipelininglarger datatransferghan TreadMarkss
reguest-respong@otocol.

The performanceadvantageof Aurora over MPICH grows with boththe degreeof parallelismandthe
size of the dataset. With more processorsthereis more contentionfor various hardware and software
resources With morekeys to sort, Phase3 grows with respectto the amountof datatransferred.For the

smaller6 million key datasetAurorais 52% fasterthan MPICH whenusing 16 processorsFor the larger
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8 million key parallelsort, Aurorais 380%fasterthanMPICH on 16 processorsThe normalizedspeedups
barsfor 16 processorandthe 8 million key datasearenotshavn in Figure8 becausehey aretoolargefor
this pathologicaldatapoint.

The problemwith MPICH (and TCP) for this applicationis even worsethanthesenumbersindicate.
The variationsin the real times of the MPICH programon 16 processorsare so large that the reported
numbersare the minimum valuesover five runs, insteadof averages. The averagevaluesare up to 40%
higherthanthe minimumvalues.Theproblem,onceagain,is large datatransferdetweermultiple senders
andrecevers. As we saw previously with matrix multiplication, Aurora and TreadMarksare UDP-based
and avoid the performanceproblemswith the TCP-basedVPICH for thesedatatransfers. Interestingly
the original implementatiorof distmemcpy()  in Auroradid not have a UDP-basedulk-datatransfer
protocolandit suferedfrom thesamehigh variability andlow performanceroblemsaxhibitedby MPICH.
Whenthe bottleneckwas identified, the nenv bulk-datatransferprotocolwasimplementedn the Aurora

softwarelayersandwithoutarny changego the PSRSsourcecode.

4 Concluding Remarks

Whendevelopingapplicationdor distributed-memoryplatforms,suchasanetwork of workstationsshared-
datasystemsare often preferredfor their ease-of-use.Therefore,researcherbiave experimentedwith a
numberof DSM andDSD systemsA systenthatprovidesthe benefitsof a shared-datanodelandthatcan
achieve performanceomparablevith a message-passingodelis desirable.

The AuroraDSD systenmtakesanabstractatatype approacho a shared-datanodel. Auroraachieves
good performancehroughflexible data-sharingoliciesand by optimizing specificdata-sharingatterns.
WhatdistinguisheAurorais its useof scopedehaiour to provide percontext andperobjectflexibility in

applyingdata-sharingptimizations.
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Scopedbehaiour is bothan API to a setof system-praided data-sharingptimizationsandanimple-
mentationframenork for the optimizations. As a framewvork, one adwvantageof scopedbehaiour is how
it carriessemantianformationaboutspecificdata-sharingatternsacrosssoftwarelayersandenablespe-
cializedperobjectandpercontet protocols.We have describechow, whenloadinga readcachein matrix
multiplication, the scopedbehaiour is specifiedby the applicationprogrammer Furthermorethe knowl-
edgethatall processesustparticipatein the bulk-datatransferandall of the datamustbe transferreds
passediovn to Aurora’s run-timelayerandexploitedusinga bulk-datatransfemprotocol. A similar protocol
is usedwhenexchangingkeys in aparallelsort.

In a comparisorof thetwo applicationdmplementedisingAurora, TreadMarksandMPICH, the per
formanceof Aurorais comparabléo or betterthantheothersystemsMPICH appearso suffer performance
problemsdueto its relianceon TCP/IPfor bulk-datatransfersgvenin a high-contentiorall-to-all pattern.
TreadMarkssuffersfrom its relianceon arequest-responsgatamovementprotocol. In contrasto MPICH,
AurorausesUDP/IPfor bulk-datatransferdo avoid the protocolbottlenecksf TCP/IP.And, in contrasto
TreadMarksthe scopedehaiour pipelinesthedatatransferto avoid the messagandlateng overhead®of
TreadMarkss request-respongeotocol. The pipeliningis possiblebecausehe scopedehaiour encapsu-
latesthefactthatall of thedatamustbetransferredandthe systemcanbemoreproactve insteadof reactve.
Consequentlyon a network of workstationsconnectedy an ATM network, Auroragenerallyoutperforms

the othersystemsn the situationswherea bulk-datatransfermprotocolis beneficial.
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